Well-estimated elasticities of demand are important for making long-run projections in demand 10 for forest products. In this research, cluster analysis is used to group 180 countries contained within the Global Forest Products Model (GFPM), using cross-sectional data for per capita gross domestic product (GDP), forest coverage, and per capita consumption of forest products, for forest products including plywood, particleboard, fiberboard, newsprint, printing and writing paper, and other paper and paperboard. The application of cluster analysis prior to estimating 15 the elasticities of demand solves the problem of data availability in estimating elasticities by grouping countries based on variables identified from economics theory and enabling the extension of elasticity estimates to countries that are similar to others in a cluster, but without data for directly estimating elasticties. Mean absolute deviation is used for data standardization, Countries for panel analysis are selected based on time series data availability and quality. As 25 implied by cluster analysis, some of the countries in the cluster can be used to represent the whole cluster. In this research, long-run static models, short-run dynamic models, and long-run dynamic models of demand are estimated using panel data analysis for countries in each cluster using data from 1992 to 2007 and 9 to 44 countries in each cluster. We found that long-run dynamic elasticities are higher than short-run dynamic estimations, and dynamic model 30 estimations outperform static model estimations as shown in RMSE statistics.
Introduction

35
Well-estimated price and income elasticities of demand are important for understanding consumer behavior and for making long-run projections in global and national demand for forest products. Estimating elasticities of demand for forest products has been the topic of much research. Buongiorno (1978 Buongiorno ( , 1979 , using panel data of 43 high-and low-income countries, estimated price and income elasticities of demand for newsprint, printing and writing paper, other 40 paper and paperboard, coniferous sawnwood, nonconiferous sawnwood, plywood, particleboard, and fiberboard. Simangunsong and Buongiorno (2001) estimated price and income elasticities of demand for nine end-use forest products using panel data analysis from 64 countries, also divided into high and low income.
The Global Forest Products Model (GFPM, Buongiorno et al., 2003) , examines 180 countries 45 and 14 forest products, and provides an efficient and flexible tool for the analysis and long-run group countries, the criterion for the grouping is ad hoc. For example, Kallio et al. (1987) , dealing with 18 countries and regions, estimated four groups of demand elasticities in the GTM model by level of income per capita > US$3,000, US$1,500 -US$3,000, US$750 -US$1,500, <US$750 per year, for nine forest products. Tachibana et al. (2005) grouped countries into developed countries, medium-developed countries and developing countries to estimate the elasticities of 75 demand.
Cluster analysis seeks to group countries into clusters based on their similarities across a number of variables. Therefore, the results of estimations for a cluster using panel data analysis on some countries within the cluster could be extended to all the member countries, which can solve the problem of data availability and increase efficiency in estimating global elasticities. 80 This paper deals with 6 end-use forest products: veneer and plywood, particleboard, fiberboard, newsprint, printing and writing paper, and other paper and paperboard. Among the nine end-use forest products dealt with in GFPM, fuelwood and charcoal, and other industrial roundwood are not taken into account due to their data unavailability and sawnwood has been discussed in a previous paper (Michinaka et al., 2010) . 85
Cluster Analysis
Data
90
The three variables, per capita gross domestic product (GDP), forest coverage, and per capita consumption of the corresponding forest product, are used in the cluster analysis to group countries for estimating the elasticity of demand for forest products. Economic theory tells us that the demand for inputs to production is decided by own price, prices of related inputs, output production, techniques of production, producers' preferences, expected future prices, etc. 95 (Varian, 1992; Samuelson and Nordhaus, 2001; Fischer et al., 1988) . Forest coverage, i.e., the percentage of forest area in land area, where forest area is defined as "the land spanning more than 0.5 hectares with trees higher than 5 metres and a canopy cover of more than 10 percent, or trees able to reach these thresholds in situ" in FAO (2011) , is included in the analysis because countries covered by dense forests tend to consume more forest products (reflecting producers' 100 tastes or preferences), and some governments, like in Japan (Japan Forestry Agency, 2009), often implement policies to encourage utilization of forest products. Per capita consumption level is included because the definition of elasticity of demand indicates that one can find that current consumption level, at the point where elasticity is to be calculated, is a factor that affects demand elasticities (Varian, 1992, p. 235) . Data used in the cluster analysis were standardized for two reasons. Firstly, using different units of measure for the same variable in the cluster analysis will lead to different country groupings. For example, the per capita consumption of newspaper can be expressed in kilograms or in tonnes, but the results will be different when using kilogram compared with 115 using tonne. This is because the use of different units of measure will lead to data sets with different means and variances. Secondly, data standardizing allows variables to contribute equally because different variables have different means and variances. Standardizing converts the original data to unitless variables.
The most commonly used standardizing function is z-scores: 120
where X is the original data, X � is the mean for the ith variable, and S is the standard deviation for the ith variable. In the partitioning around medoids approach, described in the next section, the mean absolute deviation is used instead of the standard deviation to disperse the impacts of outliers. 125
Cluster analysis approaches and determination of the number of clusters
The partitioning around medoids (PAM) or k-medoids method, one of the nonhierarchical approaches to cluster analysis, developed by Kaufmann and Rousseeuw (1987) , finds k clusters 130 with k representative objects in the data, trying to assign each object of the data set to the nearest representative object. Compared with the k-means method, which aims to partition n objects into k clusters in which each object belongs to the cluster with the nearest mean (centroid), PAM is robust to noise and outliers, because the centroid is easily affected by outliers while the medoid is not. Finally, under PAM, a silhouette statistic shows how well an object lies 135 within the cluster, and silhouette plots and averages are powerful tools for determining the number of clusters in data.
Determining the number of clusters is an important step in cluster analysis. Three methods are considered in determining the number of clusters used in this research. The first is the rule of thumb (Mardia et al., 1979, p. 365) 
The results from this approach are taken only 140 as a reference because this approach cannot give strictly accurate, reliable, and integer results.
The second is the stopping or elbow rule, in which the number of clusters is determined at the elbow point of the within-group sum of squares (WGSS) curve. Plots of the WGSS can show the range where the elbow point is located and can be a reference in deciding the number of clusters. The third approach, the most important in this research, is the silhouette statistic, where 145 the number of clusters is determined as that which maximizes the silhouette width. Often the silhouette width is maximized when clustering all the discussed countries into two groups. As we would like to take the diversity of the selected countries into account, the global maximization is abandoned, and a local maximization, or the second best, is adopted, while referring to the results from other two approaches (Michinaka et al., 2010) . 150
Results
As the nature of demand for different forest products varies across countries, cluster analysis is undertaken for each forest product. Because we would like to use the results of our analysis in 155 the GFPM, we use the 180 countries in that model as our object. Table 1 shows the countries and their codes (Zhu et al., 2009) . Tables 2 through 7 show the results of the cluster analysis for plywood (118 countries), particleboard (93 countries), fiberboard (111 countries), newsprint (105 countries), printing and writing paper (122 countries), and other paper and paperboard (127 countries). Some countries are not included in the cluster analysis because of incomplete data. 160 Those countries that are included in the estimation of demand elasticities in the next stage are shown in bold and italic letters. Countries with the same data reported over 4 years, or with more than 4 years of missing data, or negative apparent consumption, are deleted in the panel data analysis.
165 Table 1 Region names and their codes   8   Table 2 Results of cluster analysis for plywood   Table 3 Results of cluster analysis for particleboard 170 Table 4 Results of cluster analysis for fiberboard Table 6 Results of cluster analysis for printing and writing paper Table 7 Results of cluster analysis for other paper and paperboard
Tests for cluster analysis results 180
One-way analysis of means (not assuming equal variances) is used to test if clusters differed significantly in the means for all of their three variables. The null hypothesis is that the samples in all groups are drawn from the same population. The results show that not all the clusters have the same means, or some cluster(s) have different means than other clusters. Further, to check 185 whether the difference between any two clusters is significant, multiple comparisons are undertaken using TukeyHSD multiple comparisons of means at the 95% family-wise confidence level. The results show that the differences in some pairs are not significant on an individual variable basis. However, as every cluster has three dimensions of variables, by checking the results of TukeyHSD multiple comparisons for three variables, it can be concluded that the 190 difference in any two clusters is significant at least in one dimension.
Estimating Elasticities of Demands for forest products
Theoretical models 195
Plywood, fiberboard, particleboard, printing and writing paper, and other paper and paperboard are end products in the forest industry but are inputs in other industries such as building and furniture making. As defined in Varian (1992, p. 28) , the function that gives us the optimal choice of inputs as a function of prices is the factor demand function. Considering the cost minimization problem for Cobb-Douglas technology (Varian, 1992, p. 
such that 1 2 = where y is the input vector, w is the input price vector and q is the given output. A, a, and b are 205 positive parameters. To solve this problem, the first-order condition is calculated, and the solution for y 1 is:
210
This formula can be rewritten in the following form for y 1 (Simangunsong and Buongiorno, 2001 ):
where β 0 , β 1, and β 2 are A -1 / ( a + b) (a/b) b/ (a + b) , 1/( a + b), and -b/( a + b), respectively. The first input is the particular forest product in this research, and the second input is all other inputs used with the forest product in producing q. Wooldridge (2003) explains that the static model provides a contemporaneous relationship between explanatory variables and the dependent variable. Equation (3) is a static derived demand function as demand adjusts immediately to 220 output and prices. Using the natural logarithm, it takes the following empirical form:
where y it is the input demand by country i = 1,…, N during year t = 1,…,T, p = w 1 / w 2 , is the 225 real price of the forest product, and e it is the error term. By setting y = y* as the equilibrium demand, conditional on output q and price p, and 0 < δ ≤ 1 as the speed of adjustment of demand, the adjustment toward equilibrium from one year to the next is represented by the following first-order difference equation:
where y -1 is last year's demand. Equation (3) is a special case where δ = 1, implying that full adjustment occurs within one year. By substituting Equation (3) for y* in Equation (5) and taking the natural logarithm, the short-run dynamic model is: 235
From Equation (6), long-run elasticities can be determined using Simangunsong and 
which should match the elasticities in Equation (4). Here, q, output, is proxied by the country's 245 gross domestic product (GDP), and w 2 is proxied by the GDP deflator. As w 1 is the forest product price, p becomes the forest product's real price. The GDP elasticity functions as income elasticity in this research by taking income as aggregate income rather than per capita income, for output is also on a national basis. Regarding this treatment, Baudin and Lundberg (1987) said "the choice of per capita or aggregate data does not really matter". 250
Methods and data
In this research, three econometric models were estimated by panel data analysis using TSP software; pooled OLS, fixed effects [least square dummy variables (LSDV)], and random 255 effects. These estimators were applied to three forms of demand equation; long-run static, short-run dynamic, and long-run dynamic. The econometric models take the following forms respectively (Hsiao, 2003; Greene, 2000) :
These models contain an individual effect, which is taken to be constant over time t and across country i. We us e constant over time t, but it is specific to the individual country i and u it is the error term. If both slope and intercept are assumed to be the same across individual countries and over time, as shown in Equation (8), the model is pooled OLS.
Equation (9) is called the within-country regression, or fixed effects, and it assumes different 270 intercepts, * , but it has the same slope across countries. As for pooled OLS, the fixed effects model is estimated by OLS regression.
The random effects model (Equation 10) assumes that the individual specific effects are uncorrelated with the independent variables but can be taken as a random variable. In equation (10), v i is a random disturbance. Random effects estimators are generalized least square 275 estimators (GLS).
As demand equations, either static or dynamic, are estimated using the same set of data, it is necessary to measure the goodness of fit, measured by the root mean square error (RMSE):
Where y � it is the predicted demand for country i in year t for N countries and T years; is the actual value. 280
The data were sourced from FAO and the World Bank. The price, in current U.S. dollars, is 
Results
Static model
Panel data analysis was applied to every cluster for every forest product. The results of the 295 price and income elasticities of demand for six forest products estimated by the static model based on Equations (4), (8), (9), and (10) are summarized in Table 8 . By first comparing the F values and their corresponding critical values for examining country effects and homogeneity of slopes and then checking the Bayesian information criterion or Schwarz Criterion (SBIC), checking the Hausman test statistic, and finally considering the expected signs of the 300 coefficients, the best estimates are chosen and shown in bold letters in Table 8 . Table 8 shows that most of the best estimates are chosen from fixed effects estimations. Most of the estimated elasticities are significant at the 1% level. The price elasticities vary from 0.01 to 1.10, where negative sign is omitted and absolute value is being discussed for the convenience of discussion (Pearce, 1992, p. 342) . Most elasticities are less than 0.50, and plywood has the widest range of 305 values across clusters. Other paper and paperboard have the smallest price elasticities. Income elasticities range from 0.19 to 3.03. Most of the income elasticities are around 1, but five are over 2.00.
Comparing the elasticity results with the levels of the three variables in the corresponding clusters, it can be found that, even though price elasticities are generally low for most forest 310 products, clusters with high income and consumption levels have higher price elasticities, and that price elasticities decrease with increasing forest coverage. In most cases, clusters with high income and consumption have low-income elasticities. For particleboard, there is no relationship between price and income elasticities and the levels of the three variables describing the clusters. 315 Except for two clusters, there is serial correlation in all the long-run static models. This result is similar to that in Simangunsong and Buongiorno (2001) and Turner and Buongiorno (2004) . 
Dynamic model
The results of the estimation of the dynamic model for short-run demand for six forest products are given in Tables 9 and 10 , based on Equations (6), (8), (9) and (10). As for the static 325 model, the best estimates are chosen by comparing the same set of test statistics. The best estimates are shown in bold letters in Tables 9 and 10 . Most of the estimates are significant at the 1% level. The price elasticities vary from 0.01 to 0.89. Plywood has the widest range in price elasticities among clusters, from 0.03 to 0.89, showing that demand for plywood is strongly affected by its own price in some countries. Newsprint and other paper and paperboard have the 330 lowest price elasticities. Because there are 19 clusters whose price elasticities are lower than 0.20, it can be seen that demand for these six forest products is price inelastic. As for the income elasticity, there are only two clusters whose income elasticities are over 1; all the others have lower income elasticities, showing that demand is hardly affected by income changes in the short-run. The coefficients of lagged consumption vary from 0.17 to 0.85, so the elasticity of 335 adjustment varies from 0.15 to 0.83.
The problem of first order autocorrelation (AR1) is also tested. The results show that some of the dynamic models corrected first order autocorrelation. Those elasticities from models without serial correlation are shown in italics in Tables 9, 10 , 11, and in the Appendix. From the short-run dynamic estimates of price elasticities, income elasticities, and lagged 345 consumption coefficients, long-run models can be derived based on equation (7). These estimates are shown in Table 11 . Most long-run dynamic price elasticities are low, even though some clusters have price elasticities as high as 1.38 or 1.75. Cluster 4 for plywood has a price elasticity of 1.75, showing countries in Cluster 4 have a high price-elastic demand. By checking the list of countries in Cluster 4 for plywood, we find that this cluster consists of countries with high per 350 capita GDP, high forest coverage, and high consumption of plywood, including Japan, Finland, the Republic of Korea, and the United States of America. Most of the income elasticities are around 1. When compared with estimates of the price elasticities and income elasticities in the short-run models, it is easy to see that all the price elasticities in long-run dynamic models have higher values than their short-run counterparts, and most of the income elasticities in long-run 355 dynamic models are higher than their short-run counterparts. These results fit with economic theory, which explains that every input factor can be adjusted in the long run, but only some of the inputs can be adjusted when considered in the short run (Varian, 1992, p. 2-3) .
Table 11 Long-run price and income elasticities of demands (Dynamic model) 360
Comparing the elasticity results with the levels of the three variables in the corresponding clusters, it can be found that in most cases, clusters with high levels of income and consumption have high price elasticities. Forest coverage affects the price elasticities in the opposite direction, i.e., clusters with low forest coverage tend to have high price elasticities. 365
Root Mean Square Error
To measure the goodness of fit of estimated models, the errors between the observed consumption values and those obtained by the estimated models, Root Mean Square Error 370 (RMSE), are calculated. Table 12 shows the results of RMSE for both long-run static and short-run dynamic models. It shows that all the RMSEs in the dynamic models (short-run) are lower than the corresponding RMSEs in the static models, i.e., dynamic model estimates are superior to static model estimates. Fixed effects model estimates have the smallest RMSEs among all the models with few exceptions; the pooled OLS and random effects estimations are 375
closer, but RMSEs in pooled OLS are lower than those in random effects models in most of the cases, in either static or dynamic models. 
Conclusions and discussion
We found that all of the long-run dynamic price elasticities and most of the long-run dynamic income elasticities are higher than their short-run dynamic counterparts. Dynamic model estimations outperform static model estimations as shown in the RMSE statistics, which 385 are in accordance with economic theory (Varian, 1992; Simangunsong and Buongiorno, 2001 ).
In addition, most of the price and income elasticities of demand are significant. The preferred models within either static or dynamic models for a cluster are chosen mainly based on F tests, testing country effects (comparing fixed effects models to pooled OLS), homogeneity of slopes (comparing individual OLS models of heterogeneous intercept and slope to fixed effects models 390 of constant slope and heterogeneous intercept), and the overall homogeneity of pooled data (common intercept and slope), through one-way analysis of covariance. RMSEs are calculated to check the goodness of fit of the models but are not used to select models because the F test has priority as "only one-way analysis of covariance has been widely used" in testing the above stated issues (Hsiao, 2003, p. 15) . As for the reason why RMSEs in fixed effects models are 395 lower than those in pooled OLS and random effects models, this might be because fixed effects models assume different intercepts for every individual country, therefore, the number of models have increased in fixed effects, which might cause the RMSEs to become smaller.
However, Simangunsong and Buongiorno (2001) produced different results. We think more detailed price and income elasticities of demand estimates are obtained in our research because 400 of the use of cluster analysis prior to panel data analysis.
Hsiao (2003, p. 8) argues that panel data has the ability to isolate the effects of specific actions or policies "based on the assumption that economic data are generated from controlled experiments in which the outcomes are random variables with a probability distribution that is a smooth function of the various variables describing the conditions of the experiment". 405
Micro-economic theory tells us that own price shapes the factor demand curve while other factors, such as output, producers' preferences, and expected future prices, can shift the curve.
Of course, it is impossible to put everything into the model. What is important is that the modeling captures the essential forces. When only own price and output are included in models as explanatory variables, other factors, which might be important in some situations, are ignored. 410 Ignoring the individual effects that exist "but not captured by the explanatory variables can lead to parameter heterogeneity in the model specification" (Hsiao, 2003, p. 8) . In cluster analysis, by taking per capita GDP, forest coverage, and per capita consumption of the corresponding forest product, countries that are similar in these three variables are grouped together, and panel data analysis is performed based on these clusters. Therefore, better elasticity estimates can be 415 obtained by considering the differences among countries. This treatment considers the inclusion of tastes or preferences and other factors, but does not increase the number of the included explanatory variables.
Silhouette width statistics in the PAM approach indicate that, for every forest product, it is best to group the world into two clusters to get the most stable structure between clusters. But 420 when putting all the countries into a 3-dimensional plot, it is easy to find that there is diversity among countries. As we recognize this diversity and try further to avoid heterogeneity bias, the best determination of the number of clusters to use was based on local maximization, rather than global maximization.
Compared with some previous research, our results show diversity in elasticity estimates and 425 should better reflect the producer behavior affected by own price and output changes because of the cluster analysis. These results will be used in an implementation of the Global Forest Products Model in making long-run projections for forest product demand and supply as part of a research project at the Forestry and Forest Products Research Institute (FFPRI). When similarity among countries is used in estimating elasticities of demand for forest products, better projections are 430 expected. In this research, the way of selecting countries used in the panel data analysis leaves some room for improvement. As the FAO data is improved, more countries can be added to the cluster analysis and better results could be obtained by undertaking this research again. a0, h2, i6, f1, a2, a7, h5,  j1, b2, b3, f9, b5, g1, o7, j6,  k0, r0, c1, r1, k5, c4, p2, c8,  c9, l1, e0, n3, m0, i5, a0, h2, q5, i7, f1, a2, j1, f6, b2,  b3, f9, o7, j4, j6, j8, k0, r0, c1, p2, d0,  g6, l1, l2, l3, l5, q4, l6, e0, l8, n3 n5, a1, f0, f2, h3, n8, h4, i9, n9, h6,  b0, m5, f5, o0, f8, m6, m7, b7, o6,  g2, j5, g3, j9, r2, p1, g5, k9, m8, g7 , i1, p6, p7, r5, n1, d6, d8, h0, n4, i4, m2 a0, h2, i6, i7, f1, b3, g1, j6,  k0, k5, p2, c8, d2, d3, l2, l5,  e0, l8, e4, n3, e5, m0, r8, i3 m4, n6, n7, o2, o3, o5, o8,  o9, j9, p3, p4, l4, q1, q2, i5, h2, q5, q6, i6, f1, a5, b2,  b5, g1, k0, r0, c1, r1, k5, c4,  c7, c8, g6, d2, l1, l2, l5, e0,  l8, e4, n3, e5, m0, e6, r8 Michinaka et al. (2010) . AR(1) was not considered in choosing best estimations in Michinaka et al. (2010) .
Appendix
Main results for panel data analysis to sawnwood
